Study Region: Brahmaputra River basin in South Asia.
to facilitate strategic decision making through scenario generation integrating climate change adaptation and hazard mitigation policies to ensure optimized allocation of water resources under a variable and changing climate.
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Introduction
Climate change is predicted to lead to an intensification of the global hydrological cycle (Huntington, 2006) . Freshwater resources in dry subtropical regions may be impacted adversely, but favorably affected at higher latitudes (Cisneros et al., 2014) . Quantifying current and future freshwater availability is a critical aspect of adapting to changing and variable climate because access to sufficient freshwater is linked to food security, human health, ecosystem health, land use change, economic development, and regional conflicts (Schuol et al., 2008) .
The Brahmaputra River basin located in south Asia is one of the world's major river basins for human and ecological needs and supports the livelihoods of over 66 million people through subsistence agriculture. Despite the growing attention to quantify freshwater resources and to assess the vulnerability of freshwater to global change (Alcamo and Henrichs, 2002; Faramarzi et al., 2009; Lehner et al., 2006; Oki and Kanae, 2006; Piao et al., 2010; Schuol et al., 2008; Srinivasan et al., 1998a,b; Vörösmarty et al., 2000) , basinwide assessments of the impacts of climate and land use change on freshwater availability in the Brahmaputra basin remains quite limited.
Increasing concentrations of CO 2 and other greenhouse gases from anthropogenic activities have caused warming of the global climate by modifying radiative forcings (Houghton et al., 2001) . Because of the coupling between water and energy balance, any changes in climate will affect the hydrological cycle and the spatial and temporal distribution and intensity of precipitation (Immerzeel, 2008; Labat et al., 2004) . The primary source of precipitation in the Brahmaputra basin is the Indian summer monsoon, which is projected to be impacted by global warming (Kripalani et al., 2007; Sabade et al., 2011) . Average monsoon precipitation is projected to increase with a possible extension of the monsoon period (Kripalani et al., 2007) . Such intensification has been demonstrated to increase the severity of droughts in some parts of India but enhance the intensity of floods in other parts of the country (Gosain et al., 2006) . The Indian summer monsoon is linked to a complex set of natural phenomena, including the El Niño-Southern Oscillation (ENSO), Indian Ocean Dipole (IOD) (Ashok et al., 2004; Ashok and Saji, 2007) , and Eurasian snow depth levels (Immerzeel, 2008) . However, the projected influence of ENSO and IOD on the Indian monsoon is unclear (Cai et al., 2013; Immerzeel, 2008; Jourdain et al., 2013) .
Numerous studies have assessed climate change impacts on a particular component of the climatic and hydrological processes in the Brahmaputra basin, e.g. temperature (Immerzeel, 2008; Shi et al., 2011) , precipitation (Kripalani et al., 2007) , snow (Shi et al., 2011) , streamflow (Gain et al., 2011; Jian et al., 2009) , groundwater (Tiwari et al., 2009) , runoff (Ghosh and Dutta, 2012; Mirza, 2002) , extreme events (Rajeevan et al., 2008; Webster and Jian, 2011) , and even water quality (Huang et al., 2011) . However, few studies have assessed how projected changes in climate and land use and land cover could impact long-term patterns in the basin's hydrological components. Using results from multiple global climate model experiments, Mirza (2002) predicted an increase in the average peak discharge in the Brahmaputra basin. Immerzeel (2008) found that the temperature gradient in the Himalayas (from floodplain to Tibetan Plateau) would likely decrease, resulting in an increase in average precipitation and average seasonal downstream streamflow in the Brahmaputra basin. However, the seasonal streamflow in late spring and summer was eventually predicted to be reduced considerably after a period of increased flows from accelerated glacial melt (Immerzeel et al., 2010) . Using results from high-resolution regional climate model experiments, Shi et al. (2011) predicted a 0.57-0.67 • C per decade increase in temperature across the basin and >25% increase in precipitation in the central part of the basin, while increases in precipitation in other parts of the basin were predicted to be around 10%. These changes in temperature and precipitation were predicted to reduce the difference between annual mean precipitation and evapotranspiration (ET) in the northern part of the basin but increase the difference in the southern part of the basin by the end of the 21st century (Shi et al., 2011) . Gain et al. (2011) predicted an increase in average and peak streamflow in all seasons, including dry periods, under the A1B and A2 scenarios (Nakicenovic and Swart, 2000) .
While these patterns of streamflow were shown to result from climate change, the potential impacts of land use and land cover change were neglected. A substantial increase in future agricultural land is projected for the Brahmaputra basin, possibly through conversion of natural vegetation (e.g., forest) to agricultural land (IMAGE Team, 2001) . While clearing the natural vegetation increases surface runoff and river discharge (Costa et al., 2003; Sahin and Hall, 1996) , the hydrological response to land use change is not always linear (Ghaffari et al., 2010) . Therefore, it is important to account for land use and land cover change along with climate change impacts when predicting long-term patterns in the availability of freshwater.
Potential impacts of future climate and land use change can be quantified for a specific basin by using an integrated hydrological simulation model with downscaled climate and land use projections derived from Global Climate Models (GCM). However, sensitivity assessments with various climate change scenarios can provide valuable insights into the sensitivity of the hydrological systems to changes in climate (Arnell and Liv, 2001) , especially in the light of substantial uncertainties in GCM projections (Ficklin et al., 2009; Kirtman et al., 2013) . Many large-area integrated hydrological models are currently available; e.g. variable infiltration capacity (Liang et al., 1996) , precipitation runoff modeling system (Markstrom et al., 2008) , MIKE 11 (Havnø et al., 1995) , HEC-RAS (Brunner, 2002) . However, the Soil and Water Assessment Tool (SWAT) (Arnold et al., 1998; Gassman et al., 2007) is one of the more widely used models, and we use it in this study.
SWAT allows users to adjust CO 2 concentration, weather parameters (e.g., temperature, precipitation, radiation and humidity), and land use, and includes approaches describing how those parameters affect plant growth, ET, snow, and runoff generation. SWAT has been found to be suitable for large basins such as the Brahmaputra, and has often been used as a tool to investigate climate and land use change effects on freshwater availability around the world Gosain et al., 2006; Jha et al., 2006; Montenegro and Ragab, 2010; Rossi et al., 2009; Schuol et al., 2008; Siderius et al., 2013) .
The primary goal of this study was to assess long-term patterns of freshwater availability in the Brahmaputra basin under climate and land use and land cover change scenarios. To fulfill the goal, we calibrated the model using the sequential uncertainty fitting II (SUFI2) algorithm (Abbaspour et al., 2004) . We then quantified the sensitivity of the hydrological variables such as total water yield, soil water content, ET, streamflow, and groundwater recharge to a group of various climate change scenarios including changes in CO 2 concentration, temperature, and precipitation. We assessed the long-term patterns in the hydrological variables with Phase 3 of the Coupled Model Intercomparison Project (CMIP3) downscaled precipitation and downscaled Integrated Model to Assess the Global Environment (IMAGE) land use change scenarios for the 21st century under the A1B and A2 scenarios (Nakicenovic and Swart, 2000) . In brief, the A1B storyline assumes a future world of very rapid economic growth, low population growth, and rapid introduction of new and more efficient technology with the development balanced across fossil fuel and non-fossil fuel energy sources. In contrast, the A2 storyline assumes a very heterogeneous world where population growth is high, economic development is primarily regionally oriented, and per capita economic growth and technological change are more fragmented and slower than in A1B.
Study basin
The Brahmaputra is a transboundary river and the world's fourth largest in terms of the average discharge at the mouth, with a flow of ∼20,000 m 3 s −1 (Jian et al., 2009) (Fig. 1) . Originating in the glaciated Kailas range of southern Tibet at 5300 m amsl (above mean sea level), the Brahmaputra traverses 1625 km in China and 918 km in India, before flowing 337 km through Bangladesh and discharging into the Bay of Bengal (Singh et al., 2004) . The total drainage catchment of the river is 519,500 km 2 (82 • -98 • East, and 23 • -32 • North), of which 50.5% is in China, 33.6% is in India, 8.1% is in Bangladesh and 7.8% is in Bhutan (Immerzeel, 2008) . The Tibetan Plateau divides the basin into two distinct climatic zones: (1) the mountain climate, characterized as cold and dry, dominates the Fig. 1 . The Brahmaputra basin along with the subbasins and river overlaid on precipitation climatology (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) . Black dots are observed precipitation stations and the red square is the location of Bahadurabad gauging station in Bangladesh. (For interpretation of the references to color in this legend, the reader is referred to the web version of the article.) northern part of the basin; and (2) the tropical monsoon climate that dominates the southern part is characterized as warm and humid, and receives high amounts of widespread precipitation, mainly under the influence of the Indian summer monsoon (Singh et al., 2004) . The Brahmaputra basin is physiographically diverse and ecologically rich in natural and crop-related biodiversity. The basin is divided into three distinct physiographic zones: (1) the Tibetan Plateau that covers 44.4% of the basin area with elevations above 3500 m amsl, (2) the Himalayan belt that covers 28.6% of the basin area with elevations ranging between 100 and 3500 m amsl, and (3) the lowland floodplains that cover 27% of the basin area with elevations below 100 m amsl (Gain et al., 2011) . Average temperature and precipitation in the basin vary by these physiographic zones. Typically, December and January are the coldest months, and the period from May to August includes the warmest months of the year. The average minimum temperature in the Tibetan Plateau drops to −12 • C, and the average maximum temperature varies from 25 • C to 28 • C. In the Himalayan belt, variation in temperature is high because the elevation range is large. In the floodplains, the average minimum temperature is about 9 • C and the average maximum temperature is >35 • C (Singh et al., 2004) . Annual average precipitation in the basin is about 1350 mm (Hasson et al., 2013) , of which 60-70% occurs during the summer monsoon months of June to September (Gain et al., 2011) when orography plays an important role in the spatial distribution of the precipitation. The basin supports the livelihoods of 66 million people who rely on freshwater for subsistence agriculture (Hasson et al., 2013) . Approximately 11% of the basin area is modified for cropland, of which 20% is irrigated (Loveland et al., 2000; Singh et al., 2004) .
Methods and data used

SWAT model
SWAT (Arnold et al., 1998; Srinivasan et al., 1998a,b) is a physically based semi-distributed parameter, time-continuous, basin-scale hydrological and agricultural management practice simulation model that runs at a daily time step. The model is also well documented in the literature (Arnold et al., 1998; Ghaffari et al., 2010; Jha et al., 2004b; Sun and Ren, 2013; Ullrich and Volk, 2009) . SWAT has been applied in a variety of contexts including: plant growth (Luo et al., 2008) , erosion (Tibebe and Bewket, 2011) , nutrient transport and transformation (Jha et al., 2004a) , pesticide transport ), sediment transport (Kirsch et al., 2002) , water management (Debele et al., 2008) , snowmelt (Rahman et al., 2013) , land use change (Ghaffari et al., 2010) , and climate change impact assessment (Jha et al., 2006) . Briefly, in SWAT, a basin is subdivided into multiple subbasins, which are then detailed into hydrological response units (HRUs) based on a unique combination of soil and land use properties. SWAT uses the following water balance equation in the soil profile:
where SW t is the final soil water content (mm), SW 0 is the initial soil water content on day i (mm), and R, Q surf , ET i , P i , and Q gw are daily amounts (mm) of precipitation, runoff, evapotranspiration, percolation, and return flow on day i, respectively, to compute water balance at the HRU level. Flow generation, sediment yield, and nonpoint source loadings are summed across all HRUs in a subbasin, and the resulting loads are then routed through channels, ponds, and/or reservoirs to the basin outlet (Arnold et al., 1998) . SWAT simulates hydrological components including ET and canopy storage, soil temperature, mass transport, and management practice from moisture and energy inputs, including daily precipitation, maximum and minimum air temperatures, solar radiation, wind speed, and relative humidity. However, in this study only the hydrological components are discussed. We used the Soil Conservation Service (SCS) curve number procedure to calculate the surface runoff volume. SCS curve number is a value that incorporates soil, land use, and management information (Ficklin et al., 2013) . The Penman-Monteith method was selected for ET calculation because it accounts for the effects of changing atmospheric CO 2 in the transpiration computation. Channel routing was simulated using the Muskingum method. The soil percolation component uses a water storage capacity technique to simulate flow through each soil layer in the root zone. Percolation from the bottom of the soil profile recharges the shallow aquifer. Percolation is only allowed when the temperature of the particular layer is above 0 • C. Simultaneously, subsurface lateral flow in the soil profile is calculated on the basis of slope, slope length, and saturated hydraulic conductivity. Groundwater flow contribution to total streamflow is estimated by routing a shallow aquifer storage component to the stream (Arnold et al., 1998) .
3.2. Input data and model setup 3.2.1. Weather data SWAT requires daily precipitation, maximum/minimum air temperature, solar radiation, wind speed, and relative humidity as meteorological inputs. The daily observed precipitation data come from the National Oceanic and Atmospheric Administration (NOAA) Global Surface Summary of Day (GSOD) data set (National Climatic Data Center, 2001 ). Out of the many available GSOD precipitation stations across the Brahmaputra basin, we carefully selected 23 stations (Fig. 1) to ensure availability of longterm quality observed precipitation records at a daily scale. SWAT accepts one set of weather information for each subbasin. Although these 23 stations were well distributed spatially across the basin, not every subbasin had at least one observing station within it. Therefore, precipitation values from these 23 stations were interpolated using the Inverse Distance Weighting (IDW) method, and the mean areal precipitation was computed for each subbasin at a daily scale. A time-series of the daily mean areal precipitation was compiled for each subbasin. The daily observational records for maximum/minimum air temperature, solar radiation, wind speed, and relative humidity were extracted from the National Centers for Environmental Prediction (NCEP) Climate Forecast System Reanalysis (CFSR) high-resolution coupled atmosphere-ocean-land surface-sea ice system (Environmental Modeling Center, 2010) . The CFSR data are provided at points with 0.3 • × 0.3 • spacing. Data at points closest to the centroid of each subbasin were extracted. The weather information over 16 years (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) was provided to SWAT as input parameters to produce the observation-driven simulations.
Observed streamflow
The daily observed discharge data at Bahadurabad gauge station were used to calibrate the model parameters in the SWAT Calibration and Uncertainty Programs (SWAT-CUP) and to validate SWAT observation-driven simulation results. Bahadurabad gauge station is located in northern Bangladesh and less than 200 km upstream from the confluence of the Brahmaputra and the Ganges Rivers. Discharge data have been collected for over 40 years and are maintained by the Bangladesh Water Development Board. These data are of high quality and frequently used in calibration and validation of the basinwide hydrological models (Gain et al., 2011; Immerzeel, 2008; Jian et al., 2009) .
Soil and land use data
In addition to weather information, SWAT requires soil properties and land cover information to simulate loads in the hydrological components. The soil map was obtained from the Food and Agriculture Organization of the United Nations (FAO, 1995) . At a spatial resolution of 10 km, 106 soil types for the Brahmaputra basin were differentiated, and soil properties for two layers (0-30 cm and 30-100 cm depth) were provided. Other soil properties such as particle-size distribution, bulk density, organic carbon content, available water capacity, and saturated hydraulic conductivity were obtained from Reynolds et al. (1999) . The land use and land cover map was obtained from the U.S. Geological Survey (USGS) Global Land Cover Characterization database version 2.0 at 1000 m spatial resolution (Loveland et al., 2000) . The original 24 categories were reclassified into 12 to match the land use database of SWAT. Both the soil and land use and land cover maps were resampled to 180 m to correspond to the spatial resolution of the digital elevation model (DEM) used in the simulations.
Model setup
The geographic information system interface -ArcSWAT (Winchell et al., 2010) -was used to parameterize the model for the Brahmaputra basin. The stream network of the basin was delineated from a 180-m DEM resampled from the HydroSHEDS (Hydrological data and maps based on Shuttle Elevation Derivatives at multiple scales) dataset (Lehner et al., 2008) . Requiring a minimum drainage area of 12,000 km 2 and including an additional outlet at Bahadurabad discharge gauge station, the basin was subdivided into 29 subbasins. The outlet at the Bahadurabad discharge station constitutes a drainage area of 519,408 km 2 . The outlet at Bahadurabad station was considered to be the final outlet of the Brahmaputra basin (Fig. 1) . Characterization of the stream reaches and subbasin geomorphology was done automatically by the interface. To further characterize the subbasin for dominant land use and soil types, the multiple Hydrological Response Unit (HRU) option in SWAT was implemented, which resulted in discretization of 527 HRUs for the Brahmaputra basin.
The Brahmaputra is a large basin with diverse elevations. Changes in elevation within the basin strongly influence the snow accumulation and melt process (Pomeroy and Brun, 2001) , which can be simulated better when elevation bands and their corresponding subbasin area fractions are defined (Fontaine et al., 2002) . To account for the basin's elevation gradient for snow accumulation and melt processes, 10 elevation bands were incorporated at 500-m increments for the maximum allowable range of 2393-6719 m. Accordingly, the percentage of the subbasin area within each elevation band was computed and inserted in the subbasin input file. Out of 29 subbasins, 24 subbasins had fractions of area in multiple elevation bands, and the remaining five subbasins' areas were in a single elevation band.
SWAT calibration and validation and error assessment 3.3.1. Calibration and validation
The observed precipitation and weather data (temperature, relative humidity, and wind speed) were processed for the period 1988-2004. The year 2002 was excluded due to missing records in the GSOD precipitation. The period 1988-1997 was used to calibrate the model, and 1998-2004 (excluding 2002) was used to validate the model. The first 2 years for each simulation were used for model spinup time, which were, as well as the missing data year of 2002, excluded from subsequent analyses. We calibrated the SWAT model at the basin level using observed river discharge at the Bahadurabad discharge station. Before running the calibration, we analyzed the sensitivity of the parameters by using "r " means the existing parameter value is multiplied by (1 + a given value), "v " means the default parameter is replaced by the given value, and "a " means the given parameter value is added to the existing parameter value.
the Latin hypercube one-factor-at-a-time (LH-OAT) method of SWAT (van Griensven et al., 2006) . This approach combines the advantages of global and local sensitivity analysis methods and can efficiently provide a rank ordering of parameter importance (Sun and Ren, 2013) . Based on sensitivity, the top-ranked 10 sensitive parameters (Table 1) were optimized using the SUFI2 algorithm in the SWAT-CUP. In SUFI2 all uncertainties such as model input, model conceptualization, model parameters, and measured data are mapped onto the parameter ranges as the procedure tries to capture most of the measured data within the 95% prediction uncertainty . Overall uncertainty in the output is quantified by the 95% prediction uncertainty (95PPU) calculated at the 2.5% and 97.5% levels of the cumulative distribution of an output variable obtained through Latin hypercube sampling. The goodness of calibration/uncertainty performance is quantified by P-factor, which is the percentage of data bracketed by the 95PPU band, and R-factor, which is the average width of the band divided by the standard deviation of the corresponding measured variable. Thus, SUFI2 seeks to bracket most of the measured data within the smallest possible uncertainty band (Abbaspour, 2007) . During calibration, our target was to bracket most of the measured data including uncertainties within the 95PPU band, a P-factor close to 1, while having the narrowest band, an R-factor close to zero. The other indices of performance available in SWAT-CUP, including the coefficient of determination (R 2 ), Nash-Sutcliffe (NS) (Nash and Sutcliffe, 1970) , and br 2 (R 2 times the slope), were also considered when assessing the goodness of fit between the observation and the best simulation. The calibrated model was run for the period 1998-2004 for validation by keeping the optimized parameters constant and allowing only the observed precipitation to vary. The calibrated and validated model was run for the entire time period 1988-2004 under an average atmospheric CO 2 concentration of 330 ppm. These simulation results were used as the baseline scenario.
Error assessment
The ability of the SWAT model to simulate streamflow was evaluated using four complementary measures of model performance: (1) percent bias, (2) R 2 , (3) Nash-Sutcliffe model efficiency coefficient (NS), and (4) root mean square error (RMSE). The equations describing these measures are provided in Appendix A. 
Model experimental design, precipitation, and land use projections
Experimental design
The baseline scenario was assumed to reflect current conditions. To evaluate the magnitude of responses from the hydrological systems of the Brahmaputra basin to various components of climate change, we designed six scenarios by altering one variable at a time. These scenarios are presented in Table 2 . Each scenario was run for the same simulation period (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) , except with modified climatic inputs, which provided a consistent basis for the scenario impacts as compared to baseline conditions. Although a 30-year period is preferred to present baseline conditions (Arnell, 1996; Jha et al., 2006) , we used a 15-year period (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) including three major flooding years (1988, 1998 and 2004) and two major drought years (1989 and 1994) for the baseline because of the limitations in the station observed precipitation data. The sensitivity simulations were designed based on the approach described in Jha et al. (2006) and Wu et al. (2012b) . The first two simulations in Table 2 focused on multiplying the baseline daily atmospheric CO 2 concentration by factors of 1.5 and 2.0, which are within the range of atmospheric CO 2 projections described in the Fourth Assessment Report (AR4) of the Intergovernmental Panel on Climate Change (IPCC) for the region, but less than the projections described in the Fifth Assessment Report (Kirtman et al., 2013; Solomon, 2007) . The next two simulations reflected a daily increase in minimum and maximum air temperature by 2 • C and 4 • C incorporated in the baseline scenario. The CMIP5 multi-model mean projection of the annual average temperature change over south Asia was over 3 • C (Hijioka et al., 2014) . The last two scenarios represented 10% and 20% increases in the daily precipitation over the baseline scenario. The CMIP5 multi-model mean projected a precipitation increase up to 12% over south Asia by the end of the 21st century which was similar to the projections by the CMIP3 models (Kirtman et al., 2013; Shashikanth et al., 2013) .
Next, we designed future climate and land use change impact assessment simulations with estimated CO 2 concentration, temperature increase, and land use change scenarios for each 10-year period of the 21st century. The scenarios were executed with third-generation Canadian GCM version 3.1 (CGCM3.1) Statistical Downscaling Model (SDSM)-downscaled precipitation (Pervez and Henebry, 2014) , projected temperature and CO 2 concentration, and downscaled IMAGE-projected land use information for the A1B and A2 scenarios. The simulation results were used for the long-term evaluation of the basin's freshwater availability. One additional simulation for a 15-year period (2060) (2061) (2062) (2063) (2064) (2065) (2066) (2067) (2068) (2069) (2070) (2071) (2072) (2073) (2074) (2075) was included and the results were used to investigate hydrological consequences compared to the baseline scenario. Projected CO 2 concentration and temperature is provided in Table B1 .
Downscaling of land use projections
The changes in agricultural land areas were modeled in IMAGE, version 2.2 (IMAGE Team, 2001 ), because the model is capable of forecasting land use change based on the joint modeling of human activities and environmental processes (Dobrovolski et al., 2011) . IMAGE mapped agricultural land areas on a grid of 0.5 • × 0.5 • spatial resolution; therefore, the output cannot be directly used as future agricultural land requirements. To downscale these projections, we weighted the actual IMAGE projections using a scenario change factor (Sleeter et al., 2012) computed from IMAGE agricultural area projection and the agricultural area estimate provided by a USGS global land cover dataset (Loveland et al., 2000) .
Downscaling of precipitation
GCMs are considered to be the most appropriate means for projecting climate change. However, due to their coarse spatial resolution, it is essential to use downscaled GCM outputs rather than raw output for impact studies (Chu et al., 2010; Wilby et al., 1999) , because local scale forcings, processes, and feedbacks are not well represented in GCM experiments (Hewitson and Crane, 2006; Wetterhall et al., 2009 ). We used statistically downscaled precipitation for both A1B and A2 scenarios on the basis of empirical statistical relationships established in the SDSM (Wilby et al., 2002 (Wilby et al., ) between historical (1988 (Wilby et al., -2004 large-scale circulation patterns and atmospheric moisture variables from the NCEP reanalysis dataset (Kalnay et al., 1996) and locally observed precipitation from the GSOD dataset for the same time period (Pervez and Henebry, 2014) . The 21st century daily precipitation was then modeled through a stochastic weather generator applying the established relationships with the probability of the precipitation depending on CGCM3.1 predictor variables. The comparison of observed precipitation with CGCM3.1 projected raw and downscaled precipitation concluded that downscaled precipitation provided consistency and attenuated uncertainties while simulating future precipitation (Pervez and Henebry, 2014) . The precipitation was downscaled at the subbasin level and daily time-series were created and assigned to each subbasins' centroid to be used in the calibrated SWAT model. Fig. 2 illustrates the daily observed and simulated streamflow at Bahadurabad station. The shaded gray regions indicate 95% prediction uncertainty (95PPU) by the simulation. The P-factor was 0.78, which signifies that 78% of the observed daily streamflow could be bracketed by the uncertainties. The R-factor (average thickness of 95PPU divided by standard deviation) was 0.64. Although an R-factor of 0 is desirable, a value close to 1 is considered reasonable Schuol et al., 2008) . However, uncertainties were relatively high during low flow seasons, which can be seen as a model deficiency in simulating groundwater flow (Rostamian et al., 2008) . The model performance metric (1990-1997), validation (2000-2004) , and baseline (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) periods.
Results
SWAT model calibration, validation, and uncertainty analysis
values in Table 3 , and P-factor, and R-factor indicate the model is reliable in simulating Brahmaputra basin streamflow. Graphical comparisons of observed and simulated streamflow at a monthly scale for calibration (1988-1997), validation (1998-2004) , and baseline (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) periods are shown in Fig. 3 . In general, the model accurately tracked the observed streamflow for the time periods, although some peak flow months were underpredicted during calibration, but the under-prediction was less during validation, possibly due to less temporal variability in the precipitation. Monthly flow statistics in Table 3 suggest a strong correlation between simulated and observed streamflow in all three periods. The NS coefficients for simulated streamflows were 0.85, 0.88, and 0.73 for the calibration, validation, and baseline periods, respectively. These coefficients suggest that model performance for monthly streamflow was relatively better than daily. The model underpredicted streamflows for the calibration and validation periods by 3.2% and 4.4%, respectively. The regression lines and sum difference plots reveal that the underprediction occurred primarily during higher flows (Fig. 3b, c, e, and f) . Literature suggests that SWAT is not designed to simulate extreme events and the model usually underpredicts the largest flow events (Chu and Shirmohammadi, 2004; Tolson and Shoemaker, 2004) . However, a positive bias for simulated streamflow of 2.9% was noticeable for the baseline. The notable 1999 overprediction of peak flow may have contributed to this positive bias in simulated streamflow. Overall, the SWAT model was able to simulate well the actual hydrological conditions in the Brahmaputra basin.
Evaluation of parameterization
Ten sensitive parameters were used to calibrate the model (Table 1) . These parameters primarily represented surface runoff, groundwater, snow, ET, and the routing process for the basin's hydrology. The values for the following parameters were found to be commonly used in other studies to calibrate the SWAT model: CN2 (SCS runoff curve number for moisture condition II), ESCO (soil evaporation compensation factor), ALPHA BF (baseflow alpha factor), SLSUBBSN (average slope length), GWQMN (threshold depth of water in the shallow aquifer required for return flow to occur), and GW REVAP (ground revap coefficient) (Cibin et al., 2010; Ghaffari et al., 2010; Heuvelmans et al., 1999; Mutenyo et al., 2013; Wu et al., 2012a) . While the final fitted values were optimized by the automatic calibration algorithm SUFI2, the values were checked for correspondence to the basin characteristics and their underlying hydrological processes. The average CN2 value was 61. The baseflow alpha factor value of 0.064 was considered to be small, which suggests slow drainage and high storage in the basin's shallow aquifer. The adjusted EPCO (plant uptake compensation factor) value of 0.38 indicated that most water used by vegetation would be from the upper soil profile because of a relatively higher groundwater table, sufficient soil moisture, and limited transpiration. The ESCO value of 0.69 also indicated that more water was being extracted from the upper level to compensate for the evaporative demand. A good calibration is most likely a combined effect from all selected parameter coefficients. However, the sensitivity of individual parameters varies. Because of snow and diverse elevations, the temperature and precipitation lapse rates were found to be important in simulating the hydrological processes in the Brahmaputra basin. The optimized temperature lapse rate was −5.5 • C per 1-km rise in elevation, which was found in agreement with temperature lapse rate between −5 • C to −7 • C per 1-km elevational rise used in other studies (Baral et al., 2014; Thayyen et al., 2005) . Precipitation in the Himalayan region clearly varies with elevation (Bookhagen and Burbank, 2006) , although the precipitation elevation relationship is not always linear . Precipitation was observed to increase at a rate of 150 mm per 1-km rise in elevation in the valleys with elevations between 1396 and 2492 m; Precipitation then decreased at a rate of 240 mm per 1-km rise in elevation between the elevation range of 3539-3875 m, and then increased again at a rate of 60 mm per 1-km rise in elevation between 3981 and 5100 m (Baral et al., 2014) . It was also reported that precipitation decreased with an increase in elevation in very high elevation regions in the Himalayas . However, SWAT incorporates the PLAPS variable to account for the precipitation lapse rate as a global variable and does not allow incorporation of PLAPS values by elevation bands; therefore, the SUFI2 optimized precipitation lapse rate of 172.25 was used as a universal value for all elevation bands. This limitation can be considered a weakness of the SWAT model. The low 8.26 value of GWQMN helped increased the baseflow, while the value of 0.01 for GW REVAP facilitated the increase in baseflow by decreasing the water transfer from the shallow aquifer to the root zone, which was necessary to simulate flow during the low flow seasons. 
Characteristics of the baseline scenario
The observed and simulated estimates of the hydrological components for the 16-year baseline period are provided in Table 4 . The average annual total observed precipitation was 1849 mm. The annual average simulated streamflow at Bahadurabad gauge station was 22,875 m 3 s −1 , which was slightly larger than the average observed streamflow (22,345 m 3 s −1 ) for the same period (Table 3) . The average daily observed minimum and maximum temperature was 3.2 • C and 14.2 • C, respectively. The average annual total water yield from the baseline simulation was 1279 mm. The total water yield is the total amount of water produced in the HRU that enters the main channel, which essentially is the sum of surface runoff, lateral flow, and return flow minus the transmission loss (water lost from tributary channels in the HRU via transmission through the bed). Average annual ET was 548 mm, average monthly soil water content was 129 mm, and the average annual groundwater recharge was 15 mm. In addition to the estimates provided in Table 4 , the annual average transmission loss was 11.41 mm and groundwater revap (movement of water from shallow aquifer back to the overlying unsaturated zone) was 7.55 mm. Although the transmission loss and groundwater revap are considered minor components of the overall hydrological balance (Jha et al., 2006) , they are important in equalizing the water balance. The amount of water lost through transmission becomes recharge for the shallow aquifer therefore can be added to groundwater recharge; whereas, the groundwater revap accounts for water that moves from the shallow aquifer into the overlying unsaturated zone and, thus, needs to be subtracted from the groundwater recharge. In equalizing the water balance during the baseline period, the annual average basin water output was computed as the summation of water yield, ET, groundwater recharge, and transmission loss minus the groundwater revap, which was equal to 1846 mm compared to the average annual input precipitation of 1849 mm. The 3-mm difference between the input and output of water in the water balance could be attributed to 1-mm gain in the soil water content at the end of the cycle (Table 4 ) and to rounding of the numbers in Table 4 . 5.4. CO 2 , temperature, and precipitation sensitivity scenarios
Increase in CO 2 concentration
The first two runs from Table 2 simulated the influence of a 1.5× and 2× increase in CO 2 concentration on the basin's hydrological components. The total water yield and soil water content was predicted to increase with higher CO 2 concentration ( Fig. 4a and b) . The annual total water yield was predicted to increase by 2% and 5% in response to a 1.5× and 2× increase in CO 2 concentration, respectively (Table 5 ). While total water yield increased in every month, the predicted increase was more 1.5 x CO 2 2 x CO 2 +2°C +4°C +10% prc p. +20% prc p. Fig. 4 . Anomalies of the simulated annual cycle of total water yield, soil water content, evapotranspiration (ET), and groundwater recharge by month in response to various changes in CO2 concentration, temperature, and precipitation. pronounced during the summer monsoon months of June through September. Fig. 4c indicates that the ET was predicted to decrease, with the largest decrease occurring between June and November. The average annual ET was predicted to decline by 12% with 2× CO 2 (Table 5) . Increased CO 2 concentration has profound impacts on plant physiology (Sellers et al., 1996) through the reduced opening of the plant stomata known as physiological forcing (Field et al., 1995) . Physiological forcing can reduce ET (Betts et al., 1997; Hungate et al., 2002; Stockle et al., 1992) , ET and reduced ET leaves more water in the soil profile, increasing the soil water content. Moisture soils can raise the water yield (Ficklin et al., 2009 ) by generating more surface runoff, lateral flow, and seepage, all of which contribute to increasing streamflow (Wu et al., 2012b) . Our simulations with increased CO 2 concentration predicted 3% and 6% increases in annual average streamflow in response to a 1.5× and 2× increase in CO 2 concentration, respectively ( Fig. 5a and Table 5 ). The increase in streamflow due to physiological forcing agrees with other research. River runoff was observed to increase continentally during the 20th century, and continental runoff was predicted to increase by 6% globally from physiological forcing due to a 2× concentration in CO 2 (Betts et al., 2007; Gedney et al., 2006) . Predicted reduced ET, increased soil water content, and increased total water yield eventually may lead to 3% and 8% increases in average annual groundwater recharge in response to a 1.5× and 2× increase in CO 2 concentration ( Fig. 4d and Table 5 ).
Increase in temperature
Changes in ET were more pronounced in response to 2 • C and 4 • C increases in temperature. The average annual ET was predicted to increase by 6% and 10%, respectively, with the maximum increase occurring during the spring months (Fig. 4g) . The predicted increase in ET resulted in a decrease in soil water content, total water yield, and groundwater recharge (Fig. 4e, f, and h ). The maximum 13% predicted relative decrease in soil water content was in May, following the peak predicted ET in April. The drier soil reduced the water yield and the groundwater recharge as it affected surface runoff, lateral flow, and baseflow (Table 5) . Although the predicted average annual total water yield decreased in response to temperature increase, it was predicted to increase for January and February. A similar pattern was also evident for the predicted streamflow in response to changes in temperature. While average annual streamflow was predicted to decrease by 3% and 5%, a noticeable increase of 4.7% and 17.5% in streamflow was predicted for the month of February in response to 2 • C and 4 • C increases in temperature, respectively (Fig. 5b) . The predicted increase in winter months' streamflow and total water yield signified the basin's sensitivity to the effect of a decrease in snowpack level and successive increase in snowmelt runoff.
Increase in precipitation
Precipitation is the key input to the hydrological cycle. Consistent linear increases in total water yield, soil water content, ET, streamflow, and groundwater recharge were predicted in response to 10% and 20% increases in precipitation (Figs. 4h-k and 5c ). With a 10% increase in precipitation, average annual streamflow was predicted to increase by 13%, and with a 20% increase in precipitation, average annual streamflow was predicted to increase by 27% (Table 5 ). The increase was more pronounced in the summer monsoon months of June through September (Fig. 5c) . Changes in streamflow were the highest among all the hydrological components we studied. The standard deviation of the monthly streamflow was 2.5 for a 10% precipitation increase, and 5.3 for a 20% precipitation increase, which indicated that variability in streamflow increased with increasing precipitation. The average annual total water yield was predicted to increase by 13% and 25%, and the average monthly soil water content was predicted to increase by 2% and 4%, and groundwater recharge was predicted to increase by 6% and 10% in response to 10% and 20% increases in precipitation, respectively. Predicted increases in average annual ET were among the lowest, between 1% and 3% for the 10% and 20% increases, respectively. 
Climate and land use change impact scenarios
We applied the SDSM downscaled CGCM3.1 precipitation outputs with the projected CO 2 concentration, temperature, and land use change into the SWAT model to investigate hydrological effects of potential future climate and land use change for the 21st century. In addition, a separate simulation was executed for a 15-year period (2060) (2061) (2062) (2063) (2064) (2065) (2066) (2067) (2068) (2069) (2070) (2071) (2072) (2073) (2074) (2075) to analyze climate and land use change impacts on the hydrological components for a time slice 50 years from now. An increase in agricultural land of up to 42% is expected by 2070 followed by a reduction to 36% by 2100 under the A1B scenario. In contrast, a continuous increase to 76% was expected under the A2 scenario by the end of the 21st century. It has been estimated that up to 11.9% (for A1B) and 22.8% (for A2) of each existing land cover type needs to be converted to agriculture to offset the expected increase in agricultural land. Projected changes in land use and the corresponding land cover conversion requirements are presented in Table A2 in Appendix B. The expected changes in land use based on Table B2 have been implemented in the SWAT for the respective time periods during the simulations.
The basin average monthly baseline (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) and projected precipitation for the period (2060-2075) are presented in Fig. 6a . The average annual precipitation in the Brahmaputra basin was predicted to increase from 1849 mm to 2013 mm and 2029 mm, a 9% and 10% increase compared to baseline precipitation under the A1B and A2 scenarios, respectively. The annual precipitation cycle was expected to remain the same, with the June through September monsoon having the highest precipitation in the year, although predicted relatively high (>60% increase) precipitation during October (Fig. 6a) suggests an extension in monsoon could be possible. Wetter projections and a possible extension in the monsoon precipitation corroborates well with earlier studies (Annamalai et al., 2007; Kripalani et al., 2007; Sabade et al., 2011) . Changes in the seasonal distribution of the precipitation were also predicted. Precipitation during the early monsoon months of May, June, and July was predicted to decrease by 8% and 10%, while the August, September, and October precipitation was predicted to increase by 20% and 25%, respectively, under the A1B and A2 scenarios ( Table 6 ). The peak monsoon precipitation was predicted to shift from July to August with an expected additional 61 mm (17%) and 85 mm (23%) of precipitation in August alone under the A1B and A2 scenarios, respectively. A similar shift in peak monsoon precipitation over south Asia due to climate change was predicted by Kripalani et al. (2007) . A more than two-fold increase in November through January precipitation was also predicted by 2075; however, that increase will have limited influence on the annual hydrological budget because November to January accounts for only 6% of the annual precipitation. The predicted changes in the Brahmaputra precipitation over the 21st century by 25-year epoch presented a similar pattern for annual cycle and magnitude of the change (Pervez and Henebry, 2014) .
The impacts of climate and land use change on the hydrological components of the Brahmaputra basin are presented in Fig. 6b-f . In response to an expected increase in annual precipitation, the loadings in the hydrological components were predicted to increase annually with seasonal variability relative to the baseline (Table 6 ). Under the A1B and A2 scenarios, the total water yield was projected to increase by 9% and 10% annually. Fig. 6b indicates an increase in total water yield in all seasons except the early monsoon months of May, June, and July. During this period, total water yield was predicted to decrease principally because of a decrease in precipitation and an increase in temperature. May through July accounts for 33% of the annual total water yield; therefore, 15% and 18% predicted decreases in water yield will potentially increase the drought risk during these months under the A1B and A2 scenarios, respectively (Table 6 ). Later in the monsoon, August, September, and October, total water yield was projected to increase by 17% and 20% under the A1B and A2 scenarios, respectively. August through October is the wettest period of the year, accounting for 51% of the annual water yield. An increase in water yield will potentially elevate the flooding risk between August and October in the basin. Water yield was expected to increase over the dry period from November to April, which might be helpful to mitigate the prevailing dry conditions in those months.
The climate and land use change impacts on soil water content was predicted to increase by 7% and 8% annually, with most of the increase being predicted during November to January (13% and 15%) and the smallest increase being predicted during May to July (2% and 3%) under the A1B and A2 scenarios, respectively (Fig. 6c) . Increased soil water content and increased temperature would potentially increase ET in the basin. ET was projected to increase annually by 5% and 7% for the A1B and A2 scenarios, respectively; however, it was predicted to decrease during the early monsoon months of May through July by about 4%, primarily because of the combined influence of reduced precipitation and increased physiological forcing (Fig. 6d) . In contrast, average ET was predicted to increase by 12% and 14% due to increased soil water content and temperature between August and April under the A1B and A2 scenarios, respectively. These findings indicated that the key drivers for ET varied by season:
while it was physiological forcing during the early monsoon months; it was the temperature and soil water content for the rest of the year.
Although the climate and land use change scenario impacts yielded relatively low increases of 2% and 4% in the annual streamflow of the Brahmaputra River, the large variations in seasonal streamflow relative to the baseline were predicted by the SWAT model, confirming that the seasonal variability would increase as a result of changes in climate and land use (Table 6 ). Streamflow was predicted to decrease by 6% during the pre-monsoon months of February through April, and decrease by 19% and 20% during the early monsoon months of May through July under the A1B and A2 scenarios, respectively. These results agreed with the findings of Immerzeel et al. (2010) for the A1B scenario, but contradicted the findings of Gain et al. (2011) , who predicted increased streamflow in all seasons for both A1B and A2 scenarios. The predicted decrease in streamflow during the dry period implied that the effects of ET become more pronounced than glacial melt and snowmelt during the dry period. In contrast, compared to the baseline scenario, streamflow was projected to increase by 14% and 18% during August through October and by 21% and 28% during November through January under the A1B and A2 scenarios, respectively (Table 6 ). The greatest differences were predicted to occur during the peak monsoon months of July and August. July streamflow was predicted to decrease by 19% (47,113-38,082 m 3 s −1 ) and 20% (47,113-37,490 m 3 s −1 ), and August streamflow was predicted to increase 12% (48,838-54,739 m 3 s −1 ) and 16% (48,838-56,761 m 3 s −1 ) under the A1B and A2 scenarios, respectively, compared to the baseline. These changes agree with the findings of previous research (Immerzeel, 2008) under the A2 scenario. The streamflow between November and January was predicted to increase from an average of 9913-12,038 m 3 s −1 , and 12,727 m 3 s −1 under the A1B and A2 scenarios, respective increases of 21% and 28% compared to the baseline. The winter streamflow was also predicted to increase in the Brahmaputra basin under the A1B and A2 scenarios (Gain et al., 2011) . These relatively large predicted increases during the winter months could possibly be the result of increased snowmelt and more precipitation in the form of rainfall due to the increase in winter temperature. Similar climate change impacts in winter streamflow were also reported for the upper Mississippi River basin in the United States (Jha et al., 2006) .
The substantial projected increases in water yield, soil water content, and streamflow as impacts of climate and land use change yielded increased groundwater recharge in the Brahmaputra basin (Fig. 6f) . The groundwater recharge was predicted to increase by 47% and 49% annually under the A1B and A2 scenarios, respectively (Table 6 ).
Trends in projected freshwater availability
Simulation results for the climate and land use change scenarios were summarized to assess long-term response patterns of the hydrological components. Monthly estimates of hydrological components were averaged for the early part of the monsoon season from May through July (MJJ), the later part of the monsoon season from August through October (ASO), as well as two other 3-month periods: November through January (NDJ), and February through April (FMA). Trends were determined using the nonparametric Mann-Kendall trend test, and the corresponding z scores and p values are presented in Table 7 . Fig. 7 shows both the average percentage change from long-term average (as percent on left ordinate) and the average quantity (on right ordinate) for the total water yield (mm), soil water content (mm), groundwater recharge (mm), and streamflow (thousand m 3 s −1 ) in four 3-month periods MJJ, ASO, NDJ and FMA. A significant decreasing trend in the total water yield during MJJ was predicted for the 21st century under both A1B and A2 scenarios with the average water yield remaining below the baseline (Fig. 7a) . The trend appeared in direct response of the predicted decrease early monsoon precipitation in the basin (Fig. 6a) . Thereafter, increasing trends in the total water yield were predicted for the other periods ( Fig. 7b-d) (Table 7) . The noticeable projection range of total water yield was from 211 mm to 261 mm (5-30% increase from the baseline) during ASO, and it was from 43 mm to 50 mm (20-40% increase from the baseline) during NDJ. In contrast, the long-term patterns of the soil water content showed little change (Fig. 7e-h ) -in the range between 147 mm and 165 mm (3-15% increase from the baseline), which may result from the limited waterholding capacity of the soils (Wu et al., 2012b) . The long-term patterns in the streamflow responded directly to total water yield for the basin. A significant strong decreasing trend in MJJ streamflow was predicted with projection range between 27,525 m 3 s −1 and 21,408 m 3 s −1 (10-30% decrease from the baseline) (Fig. 7i ) mostly due to predicted decrease in precipitation during the same period. Thereafter, strong increasing trends were detected in the streamflow for the rest of the periods (Table 7) . The projected increase in streamflow ranged from 42,547 m 3 s −1 to 55,311 m 3 s −1 (0-30% increase from the baseline) during ASO, and 9912-14,372 m 3 s −1 (0-45% increase from the baseline) during NDJ under A1B and A2 scenarios, respectively ( Fig. 7j and k) . A sharp increasing period in FMA streamflow was also predicted until 2030 primarily possibly due to increased spring snowmelt. The increasing trend followed thereafter, but with much slower rate in the range between 5455 m 3 s −1 and 6109 m 3 s −1 (0-12% increase from the baseline) (Fig. 7l) . The streamflow patterns during FMA suggested that the impacts of spring snowmelt on the streamflow could diminish by 2030. The long-term patterns in the groundwater recharge showed a significant decreasing trend for the early monsoon period (MJJ) and a significant increasing trend for the later monsoon period (ASO) (Fig. 7m-p and Table 7 ).
Model uncertainties
Although we analyzed five hydrological components (e.g., total water yield, soil water content, ET, streamflow, and groundwater recharge) simulated in the SWAT model, the model was calibrated and validated using only one component -streamflow. Therefore, predicted estimates of those components that were not calibrated were more uncertain. However, ET estimates were validated qualitatively with the estimates from the Joint UK Land and Environment Simulator (JULES) model provided by the European Union WATer and Global Change (WATCH) project. Additional uncertainties could also be contributed from (1) uncertainties in the future climate conditions and emission scenarios, (2) errors in GCM predictors, (3) errors in the downscaling of precipitation in SDSM, and (4) errors in the SWAT model. While quantifying many of these uncertainties is often challenging, the interpretation of model results requires consideration of these uncertainties. Analyzing the sources of errors in the projected climate conditions, emission scenarios, and GCM predictor variables was beyond the scope of this study. The uncertainties in the downscaled precipitation used in this study were generated in our earlier work (Pervez and Henebry, 2014) . In brief, the bias in the raw CGCM3.1 precipitation was substantially reduced in the downscaled CGCM3.1 precipitation. There were estimated ±29% and ±28% uncertainties in the downscaled CGCM3.1 precipitation for the A1B and A2 scenarios, respectively (Pervez and Henebry, 2014) . It is no surprise that these uncertainties associated with downscaled precipitation will propagate to the uncertainty of SWAT-simulated hydrological components. Even though uncertainty in the downscaled precipitation was attenuated, the propagated uncertainty in simulated hydrological components because of the uncertainty in the downscaled precipitation is largely unknown. Furthermore, the projected downscaled precipitation may not be accurate at some future time, because the model developed for the downscaling may not adequately capture the changed environmental conditions in a future climate. As a distributed hydrological model, SWAT is subject to large uncertainties (Rostamian et al., 2008) . SUFI2 is one of the uncertainty analysis techniques integrated into SWAT that enables users to quantify model errors more systematically while calibrating the model. We used SUFI2 and discussed the model uncertainties in Sections 3.3 and 5.1.
Discussion
The model performance metrics suggested that the SWAT model calibration and validation was satisfactory at the monthly scale, but there were substantial differences between observed and simulated peak streamflow at the daily scale. The high intensity localized precipitation might not have been well represented by the limited number of precipitation stations used in the study. Therefore, the use of a limited number of observed precipitation stations might have contributed to underestimation of extreme events and peak flows at the daily scale. However, as our objective here was to assess longterm impacts rather than impacts from individual events or events over a short time period, the well calibrated and validated model at a monthly scale could be considered acceptable to assess basinwide long-term impacts of climate and land use change (Wu et al., 2012b) .
The basinwide total water yield, streamflow, and groundwater recharge were more sensitive to changes in precipitation, while ET and soil water content were more sensitive to changes in physiological forcing and temperature. The impacts of climate and land use change were predicted to be more pronounced for the seasonal variability in hydrological components than the interannual variability, possibly because of the predicted lower interannual variability in the precipitation, and the assumptions of holding historical spatial and temporal distributions of humidity, solar radiation, and wind speed true for the future time. However, sensitivity of the hydrological components to impacts of the changes in humidity, solar radiation, and wind speed were predicted to be minor (Jha et al., 2006) .
When nearly all regions of the world were expected to experience a net negative impact of climate change on water resources (Parry, 2007) , the climate and land use change impacts outlook on the Brahmaputra basin water resources was predicted to be somewhat positive, although the results of this study indicated the exacerbation of drought and flooding potentials due to predicted decreases in total water yield, soil water content, and streamflow in May-July and a predicted increase in seasonal streamflow and water yield in August-October. An increase in average seasonal streamflow is most likely to increase the number of extreme discharges, because there is a strong relationship between average monthly discharge and maximum monthly discharge (Immerzeel, 2008) . The groundwater recharge potentials in the basin were predicted to be higher for the projected climate and land use change scenarios than under current conditions (Fig. 7) . However, the prediction estimates did not account for the current and future groundwater withdrawal estimates mostly due to a lack of sufficient regional information on the groundwater withdrawals and future demand projections.
Conclusions
The downscaled CGCM3.1 precipitation from CMIP3 and the IMAGE-derived land use corresponding to future climate and land use change scenarios were used to drive the SWAT hydrology model for the Brahmaputra basin. Specific objectives of this study were to assess sensitivity of the basin hydrological responses to changing levels of CO 2 and temperature, and to assess potential impacts of climate and land use change on the freshwater availability in the basin.
The sensitivity scenario results indicated that increase in CO 2 concentration caused basinwide average ET to decrease because of physiological forcing, which resulting in increases in average total water yield, streamflow, and groundwater recharge. The increase in average monthly minimum and maximum temperature caused average ET to increase, and average soil water content and groundwater recharge to decrease. Increase in temperature also caused a decrease in average total water yield and streamflow during the period May through September, but it caused the same to increase during the winter months of January and February. Increase in precipitation resulted in an increase in total water yield, streamflow, and groundwater recharge proportionately but indicated minor effects on ET. The basinwide average ET and soil water content were found more responsive to changes in physiological forcing and temperature, while the total water yield, streamflow, and groundwater recharge were more responsive to changes in precipitation.
The annual average total water yield, soil water content, ET, streamflow, and groundwater recharge were predicted to increase in response to climate and land use change. The impacts of climate and land use change were predicted to be more pronounced for the seasonal variability in hydrological components than the interannual variability in the Brahmaputra basin. The predicted climate and land use change impacts outlook on the Brahmaputra basin water resources was somewhat positive, although the results of the study indicated the exacerbation of flooding potential during August-October, and drought potential during May-July periods of the 21st century. The results presented in this study were based on only one CMIP3 GCM precipitation when multiple CMIP3 and CMIP5 GCM precipitation are available. There is large inter-model variability in the simulation of spatial characteristics of seasonal monsoon precipitation (Sabade et al., 2011) ; therefore, conclusions based on one downscaled precipitation may not be optimal and may defer when multiple GCMs are considered. However, CMIP5 simulations of Indian summer monsoon rainfall show similar bias and uncertainties over CMIP3 simulations at the original resolution (Shashikanth et al., 2013; Sperber et al., 2013) , and the projected global temperature change in CMIP5 is remarkably similar to that from CMIP3 (Knutti and Sedláček, 2013) . Therefore, the differences in climate change impacts assessment from CMIP3 and CMIP5 simulation results can be expected to produce similar results.
Our combined analyses of sensitivity of hydrological components to climate change and long-term impacts of future climate and land use change on freshwater availability can offer much needed inputs for resource management and policy decision-making. Given the spatial extent and geophysical and climatic characteristics of the basin, it is more likely that the impacts of climate and land use changes on hydrological components will vary spatially. Therefore, the climate and land use change impacts should also be evaluated at the subbasin level to provide a more complete picture of the potential impacts of projected future climate and land use change on the freshwater availability in the Brahmaputra basin. Yet the availability, as well as the accessibility, of data to support the finer scale analyses may preclude such studies in many areas. However, this study has shown the feasibility of joining land cover and land use change scenarios with climate change projections to produce plausible predictions for multiple hydrological components in a major river basin in a densely populated region of south Asia.
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Appendix A.
Bias (%) =
(1/N)
(X sim,i − X obs,i )
X obs,i * 100
(X obs,i − X obs )(X sim,i − X sim )
(X obs,i − X obs )
where X obs,i is the ith observed streamflow, X sim,i is the ith simulated streamflow, and N is the number of data records. Percent bias measures the average difference between observations and model simulations. R 2 is the coefficient of determination and describes how much of the residual variance between the observed and simulated variables can be explained through a linear fit. The NS quantitatively describes the accuracy of the model output for the variables, and the RMSE explains the difference between observed and simulated variables.
Appendix B.
See Tables B1 and B2 . 
